Data assimilation is an efficient technique in the estimation of ocean state, by introducing the benefit of in situ measurements. Considering the insufficiency of the observations, the performance of assimilation with few temperature and salinity (T-S) profiles is not satisfied. To modify the situation, an extending algorithm based on the Argo temperature profile is developed and applied to present more reconstructed information. Meanwhile, when the reconstructed information is assimilated into the ocean model, the accuracy of the outcomes would obtain a notable enhancement. To validate it, an experiment including four cases is conducted based on Regional Ocean Modeling System (ROMS) and 4-dimensional variational method (4DVAR). The comparison with the EN4 dataset shows that the cases assimilated the Argo and the reconstructed temperature profiles are both promoted; the addition of reconstructed temperature profiles does enhance the accuracy; the impact of SST introduced in the extending algorithm process is negligible; the net enhancement of reconstructed temperature profiles is comparable with Argo T-S observations. Finally, the positive impact of the developed algorithm on data assimilation is validated.
Introduction
An accurate simulation of ocean state is essential to many oceanographic applications, such as the reanalysis of oceanic three-dimensional movements and the prediction of the climate variations [1] [2] [3] [4] [5] [6] [7] . Data assimilation is an efficient technique which could enhance the outcomes of model by taking advantage of consistency constraints with laws of time evolution and physical properties. Sufficient and accurate observations are demanded for a successful assimilation. Fortunately, global oceanic surface information could be provided by remote sensing, but its impact on the deep ocean is limited when it is assimilated directly. The combination with T-S profiles would modify the situation. Considering the limited observations in the subsurface, the research of efficient assimilation technology is becoming a significant issue.
The ocean surface states such as sea surface height (SSH) and sea surface temperature (SST) are the presentation of the complex dynamic behaviors in ocean and atmosphere.
Several methods have been developed to translate the surface observations to the subsurface, which can also be applied to benefit the assimilation. By taking the characteristic of water movement and energy exchange into consideration, Hurlburt [8] built a numerical ocean model to dynamically transfer simulated altimeter data into subsurface information. The model was able to reconstruct the deep pressure field even in situations with energetic shallow and deep circulations, baroclinic instability, and a vigorous vertical exchange of energy. Cooper and Haines [9] proposed a new method to assimilate the sea surface pressure by displacing the water columns vertically. An identical twin experiment was performed for 1 year with complete surface pressure data assimilated every 9 days and the error analysis gave an acceptable result, but this method cannot be applied to free-surface model. To meet the US Navy's need to produce rapid estimates of present and near-term ocean conditions, Fox et al. [10] combined in situ measurements, remotely sensed temperatures, and heights to form a single integrated analysis of temperature and salinity on a regular grid. But the parameters in the algorithm relied 2 Advances in Meteorology on the statistical analysis of T-S profiles. Yan et al. [11] developed a data assimilation scheme based on three-dimensional variational analysis (3DVAR) to estimate T-S profiles from surface dynamic height information. In the scheme, both vertical correlations for temperature and salinity background errors and the nonlinear temperature and salinity (T-S) relation were taken into consideration. Ratheesh et al. [12] explored the usefulness of satellite-derived surface data for nowcasting of oceanic circulation features, including SST and sea level anomaly (SLA). Surface information was projected into the vertical using predetermined correlation functions in combination with optimal interpolation, but the correlation functions were obtained based on large numbers of profiles.
Fortunately, the Argo program has built a real-time global ocean observation system, and the profiling floats have sampled the upper 2000 m of the ocean and provided freely available T-S observations with global coverage [13] . The assimilation would obtain an obvious promotion when the observations of the three-dimensional temperature and salinity measurements are applied, despite the sparse distribution [14] [15] [16] [17] [18] [19] [20] . According to the previous studies, the Argo T-S observations are assimilated and compared with the model state variables directly. Considering the continuous of the ocean dynamic evolution in space, the structure of the adjacent surroundings can be extrapolated to some degree. In order to improve the impact of Argo profile on the assimilation, an extending algorithm based on the Argo profile is developed and applied to present more reconstructed information. Then the impact of the reconstructed temperature profile (RTP) on the assimilation is evaluated. The paper is organized as follows: the data source and the details of the extending algorithm and the experiment configuration are introduced in Section 2; Section 3 refers to the result and discussion and focuses on the positive impact of the extending algorithm on the assimilation; at last, several final remarks are given in Section 4.
Data and Methods

Data
Argo Temperature and Salinity
Profile. The Argo program is designed to observe large-scale subsurface ocean T/S profiles globally. The measurement starts near the surface and may reach 2000 m deep, with a complete cycle of 10 days [21] . In this study, the Argo profiles during Jan 2010 are selected and applied in the extending algorithm and the data assimilation. The source profiles are provided by the China Argo Real-Time Data Center (http://www.argo.org.cn/).
Sea Surface
Temperature. In this study, AVHRR (Advanced Very High Resolution Radiometer) SST provided by NCDC/NOAA is employed. The product is merged by the satellite observations and large amounts of in situ SST data based on the optimal interpolation method; the spatial and temporal resolution are 0.25 ∘ × 0.25 ∘ and 1 day, respectively [22] . Considering the precise accuracy of AVHRR, it is applied to initialize the extending algorithm.
EN4 Objective Analyses
Dataset. The EN4 gridded dataset is a global quality controlled ocean T-S monthly objective analyses product, which is supplied by Hadley Centre of the UK Met Office and covers the period 1900 to present. Data from all types of ocean profiling instruments that provide temperature and salinity information are ingested into the dataset [23] . The spatial resolution is 1 ∘ × 1 ∘ in the horizontal and 42 layers in the vertical. According to its high quality, the EN4 is employed as the reference to evaluate the impact of the RTP in the assimilation.
Extending Algorithm of Argo Temperature Profile. The
Argo observations present an overview of the structure characteristic in the upper 2000 m ocean. Considering the discrete measurements of Argo, a piecewise fitting method is applied to obtain the continuous vertical temperature variation of each profile, accompanied by the vertical temperature gradient. According to Riser et al. [13] , every single profile could be regarded as a representative in the adjacent region. Thus, the extending algorithm of Argo profile is developed to reconstruct the temperature structure of the neighbors. The position of reconstruction is determined by the grids of AVHRR surrounding each Argo profile. Since the vertical temperature gradient of the RTP could be approximated by the in situ Argo profile, the process of the extending algorithm is accomplished downward from the surface and initialized by the AVHRR SST. Normally, the oceanic temperature has an obvious stratification structure in the vertical [24] , including the Mixed Layer (ML), thermocline, and deep layers. As shown in Figure 1 , the measurements of the Argo profile are divided into two parts by the Mixed Layer Depth (MLD): in the ML and below the ML. Considering the irregular fluctuation in the ML, simple curve fitting method is not applicable and hence the piecewise linear fitting strategy is employed. Thanks to the higher density of measurements, the temperature estimation between two observations is applicable and the error introduced by the piece linear fitting method is limited. Below the ML, the variation of temperature is likely to be consistent with an exponential function, so it is reasonable that the Gaussian fitting method is applied to obtain the complete temperature function ( , , ℎ). Since the vertical temperature function of depth is fitted, the corresponding vertical temperature gradient could be calculated easily.
In the following, some details of the fitting process and the calculation of vertical temperature gradient are illustrated. The classical 0.5 ∘ C threshold value from Monterey and Levitus [25] is chosen as the temperature criterion to determine the MLD of each Argo temperature profile. Let ℎ represent the MLD determined by the Argo profile, and then two groups of measure points could be obtained. Here we use Groups 1 and 2 denoting the measurements in the ML and below the ML, and then the fitting strategy is presented, respectively.
Group 1.
For measure points in the ML, the depth satisfies ℎ ≤ ℎ and the piecewise linear function is employed. Suppose (ℎ , ( , , ℎ )) and (ℎ +1 , ( , , ℎ +1 )) stand for arbitrary two adjacent measure points in the ML, where , are the longitude and latitude of Argo profile and ℎ is the depth of measurements; the fitting function ( , , ℎ) between the two points is
where ( , ) represents the vertical gradient between (ℎ , ( , , ℎ )) and (ℎ +1 , ( , , ℎ +1 )), which could be calculated by
Group 2. If the depth of the Argo measurements is beyond the MLD ℎ , the Gaussian fitting procedure would be applied. Generally, the Gaussian fitting function has the form ∑ =1 exp(−(( − )/ ) 2 ); here , , and are the parameters of Gaussian function, which are determined by the least squares method [26] .
represents the Gaussian order. Therefore the fitting temperature function below the ML could be written as
It is worth mentioning that these parameters of different profiles are not the same. Now the function ( , , ℎ) is continuously differentiable when ℎ > ℎ and the derivative could be achieved by
.
The Argo profile starts from few meters deep normally. Let ℎ min represent the minimum depth of Argo profile, so if ℎ ≤ ℎ min there are no measurements; here a constant function is applied to fit the temperature
here ( , ) stands for SST and the vertical temperature gradient is
Since the gradient of each Argo profile at arbitrary depth ( , , ℎ) is available, we can obtain the approximation of vertical temperature gradient at the surrounded points
, and ( 4 , 4 ). Because the distance between the Argo profile and the RTP is small, the variation of vertical temperature gradient between Argo profile and RTP could be ignored. Therefore in this study, the vertical temperature gradient of RTP ( RTP , RTP , ℎ) is taken equal to the value of Argo profile ( , , ℎ) approximately; here ( RTP , RTP ) is the longitude and latitude ∘ N of the RTP. Initialized by the AVHRR SST, the reconstruction of the RTP can be conducted by the equation
where ℎ ( = 0, 1, . . . , ) is the reconstruction depth of RTP. Finally, four more temperature profiles could be reconstructed by the extending algorithm for each Argo profile.
Model and Assimilation Configuration.
In order to evaluate the impact of the derived RTP on the assimilation, an experiment based on ROMS and 4DVAR is conducted. ROMS is a free-surface, hydrostatic, primitive equation model discretized with a terrain following vertical coordinate system [27] . The model domain is shown in Figure 2 , which covers the area from 15 ∘ N to 30 ∘ N, 115 ∘ E to 140 ∘ E, with an eddy-resolved horizontal resolution of 0.1 ∘ × 0.1 ∘ (about 10 km) and 30 S-coordinate layers in the vertical. The level 2.5 Mellor Yamada [28] scheme is adopted as the parameterization of the vertical mixing process. The temperature and salinity field is initialized by the Levitus climatology dataset, while the free surface and velocity are set as 0. The ETOPO5 data [29] is employed to produce the bathymetry field. The minimum and maximum depths in the whole domain are set to be 10 and 5000 m, respectively. The wind field uses a daily mean wind field from the Cross-Calibrated Multi-Platform (CCMP) ocean surface wind product [30] with a horizontal resolution of 0.25 ∘ × 0.25 ∘ . The other daily atmospheric forcing fields, including heat fluxes, solar radiation fluxes, evaporation-precipitation (E-P), air temperature, and specific humidity, are obtained from the US National Centers of Environmental Prediction (NCEP) reanalysis [31] with a horizontal resolution of 1.875 ∘ × 1.875 ∘ . Finally the monthly temperature, salinity, sea surface height, and velocity field from SODA provide the lateral boundary conditions. After 5 years' integration starts from Jan 1, 2005, the forward model comes to an ocean dynamic balanced state and the outcome is employed for the calculation of background error covariance matrix. The choice of parameters for modeling the background error covariance matrix (D) and the observation error covariance matrix (R) are designed as Moore et al. [32] . The background errors of all initial condition control variable components of D were 50 km in the horizontal and 30 m in the vertical. Horizontal correlation scales chosen for the background surface forcing error components of D were 300 km for wind stress and 100 km for heat and freshwater fluxes. The correlation lengths for the background open boundary condition error components of D were chosen to be 100 km in the horizontal and 30 m in the vertical. Observation errors were assumed to be uncorrelated in space and time, and the variances along the main diagonal of R were assigned as a combination of measurement error and the error of representativeness which in general are additive. Measurement errors of Argo T-S and AVHRR SST were chosen as the following standard deviations: 0.4 ∘ C for SST; 0.1 ∘ C and 0.01 for Argo T-S. Meanwhile, the standard deviation of RTP is roughly determined as 0.1 ∘ C. In order to evaluate the impact of RTP on the assimilation, an experiment including four cases is designed. Case 1 is conducted without assimilation and considered as the control experiment. The Argo temperature and salinity observations are assimilated in case 2, while the derived RTP and Argo profile are applied in case 3. Because some information of AVHRR SST is introduced in the RTP reconstruction process, case 4 is designed in order to evaluate and remove the influence of SST, in which only the information from the top layer of RTP is assimilated. The details of the experiment are presented in Table 1 .
Result and Discussion
Firstly, the Argo observations are selected and applied in the extending process and the assimilation experiment. In the extending algorithm, the reconstruction of RTP is conducted in the upper 1000 m, with totally 25 levels in the vertical and 20 levels in the upper 500 m. As the gradient of RTP is approximated by the nearby Argo, the profiles with maximum measure depth less than 1000 m are abandoned. Besides, the observations with abnormal measurements are removed. The RTP is reconstructed and assimilated in the experiment based on the extending algorithm. Finally, the accuracy analysis of the experiment is conducted with EN4, to evaluate the impact of the extending algorithm on the assimilation. 
Fitting Result of Argo Profile.
For each Argo profile, the piecewise fitting method is applied to obtain a continuous temperature function of depth. In the ML, the piecewise linear function is employed to present the temperature variation in the vertical, while the Gaussian function fitting is used below the ML. The order of Gaussian function is determined by the number of measurements in Argo profile; here 20, 50, and 90 are taken as the thresholds of Gaussian orders 2, 3, 4, and 5. Since the temperature function of Argo is obtained by the fitting procedure, the vertical temperature gradient could be calculated by (2), (4), and (6). Two fitting results are shown in Figure 3 . We can see that the fitting result is highly consistent with the measurements of Argo and the Root Mean Squared Error (RMSE) being 0.107 ∘ C and 0.09 ∘ C, respectively. As the reconstruction of the RTP is realized downward based on the vertical temperature gradient, the good performance of the fitting process would benefit the reconstruction a lot.
Temperature Reconstruction.
As mentioned above, four grids of AVHRR surrounding each Argo profile are identified as the position of RTP and denoted as RTP 1, RTP 2, RTP 3, and RTP 4. The distribution of the Argo profiles and RTPs are presented in Figure 4 ; four times more reconstructed profiles could be obtained by the benefit of the proposed extending algorithm of Argo temperature profile. In Section 3.1, the temperature gradient functions of depth at the Argo measure position are obtained, and then the vertical temperature gradient of RTP is approximated by corresponding Argo profile. Finally, by the combination of AVHRR SST and the derived vertical temperature gradient, the reconstruction of RTP could be realized as (7). In the reconstruction of RTP, the four profiles surrounding each Argo are reconstructed by the same temperature gradient, which leads to the similar shape of temperature profiles. As shown in Figure 5 , the profile reconstruction is conducted above 1000 m. Though the temperature variation of RTP is similar with the Argo profile, some different characteristics are introduced by the initial value, such as the thermocline. Because SST is a presentation of complex airsea interaction process, the difference between the initial conditions of different RTP is distinct. Since the reconstruction of RTP is accomplished, the extending temperature profiles could be applied to enhance the assimilation. 
Analysis of the Assimilation Results.
Based on the RTP derived by the extending algorithm of Argo temperature profile, more temperature information of the surroundings is obtained and would benefit the T-S assimilation with more "observations." To validate this, an experiment focusing on the T-S assimilation is conducted based on the ROMS and 4DVAR. Respectively, the Argo profile and RTP are assimilated, and then the results are evaluated by EN4. Because only the temperature profile is reconstructed by the developed algorithm, the evaluation mainly focuses on the enhancement of temperature simulation. Firstly, the monthly mean of the assimilation results is calculated and interpolated to grid of the EN4. In the comparison, the Horizontal Absolute Bias (HAB) and Vertical Absolute Bias (VAB) above 5000 m are considered. The calculation formula is
where and represent the model assimilation result and EN4 data, 1 is the vertical layers above 5000 m, and 2 and 3 represent the horizontal dimensions of EN4.
As shown in Figure 6 , the accuracy of the three assimilation cases is all promoted, both in the horizontal and vertical, which is benefit from the assimilated temperature and salinity observations. Figure 6 (a) presents the HAB of the four cases in the experiment; it is obvious that the accuracy at the northeastern region of Taiwan is largely enhanced when the T-S observations are assimilated, both in cases 2-4. Compared with case 2, the addition of the RTP in case 3 shows positive impact on the assimilation, and the simulation of the ocean temperature near the Kuroshio (120
From the VAB comparison shown in Figure 6 (b), we can see the benefit of T-S assimilation can reach as deep as 2500 m, which is consistent with the measure depth of Argo. In the comparison between cases 2 and 3, the enhancement mainly occurs at the upper 500 m, not the reconstruction depth 1000 m; here the unbalanced distribution of reconstruction depth may be blamed. Moreover, the VAB curve of case 4 is almost the same as case 2, which indicates that no more obvious enhancements are obtained by the addition of SST; considering that only few SST is assimilated in case 4, the small enhancement is reasonable.
In the following, the analysis focusing on the temperature section of the experiment is conducted to confirm the impact of RTP on the assimilation. The differences between cases 1-4 and EN4 are illustrated in Figure 7 , including the zonally and meridionally averaged sections. From Figure 7 (a), we can see the simulation in the southern 20 ∘ N is better than the north; the temperature of the upper layers is smaller than EN4, which is in contrast with the deeper layers. Because the Luzon Strait along 20 ∘ N is the channel of water exchange between South China Sea and the Pacific Ocean and the origin of the Kuroshio, more difficulty is brought into the simulation by the anfractuous dynamic behavior. For the same reason, similar characteristics of meridionally averaged difference are presented in Figure 7 (b).
After that, the absolute difference is averaged zonally and meridionally from top to bottom. As the results shown in Figure 8 , the influence of Kuroshio on the simulation is represented clearly. Moreover, case 3 added that the RTP achieves the best accuracy, and the positive impact of the proposed extending algorithm on the assimilation is well validated. Table 2 presents the error statistics of the experiment, including the global average of Absolute Bias (A-Bias) and RMSE. It can be seen that the most accurate result is provided by case 3, whose A-Bias and RMSE are 0.7305 ∘ C and 0.9311 ∘ C, respectively. Cases 2 and 4 are the medium ones and almost achieve the same accuracy. Therefore the contribution of SST observations introduced in the reconstruction algorithm could be ignored. Compared with the model simulation results, the A-Bias between cases 2 and 4 and EN4 are both reduced by 4.4%, while case 3 achieves a proportion of 7.8%. The benefits of Argo T-S observations and RTP are presented clearly, 4.4% enhancement for the Argo T-S observations and 3.4% for the RTP. Moreover, the similar analysis of RMSE has the same conclusion, and the benefit of the RTP is comparable with Argo T-S observations in the assimilation.
Conclusion
Actually, data assimilation could be considered as an error adjustment procedure to enhance the ocean modeling, by minimizing the difference between model and observations, so sufficient and accurate observations are demanded in the process. Considering the sparse distribution of Argo T-S measurements, an extending algorithm is developed to reconstruct the temperature profile at the AVHRR SST points surrounding each Argo. Therefore four times more reconstructed temperature profiles (RTPs) are obtained. Then an experiment including four cases is designed to evaluate the impact of RTP on the assimilation and the validation is conducted by the comparison with the EN4 dataset. The analysis indicates that the accuracy of cases 2 and 3 with Argo and RTP assimilated both obtain a promotion in the horizontal and vertical. Compared with the control experiment, the assimilation of the Argo profiles achieves an enhancement of 4.4% and 7.8% for case 3. Because the influence of SST introduced in the reconstruction process can be ignored by the comparison of cases 2 and 4, the net enhancement of RTP introduced in the assimilation is 3.4%, which is comparable with the impact of Argo T-S observations. Generally speaking, the RTP generated by the extending algorithm in the paper does have a positive impact on the assimilation of ocean modeling.
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